Abstract.-Non-homogeneous processes and, in particular, base compositional non-stationarity have long been recognized as a critical source of systematic error. But only a small fraction of current molecular systematic studies methodically examine and effectively account for the potentially confounding effect of non-stationarity. The problem is especially overlooked in multi-locus or phylogenomic scale analyses, in part because no efficient tools exist to accommodate base composition heterogeneity in large data sets. We present a detailed analysis of a data set with 20 genes and 214 taxa to study the phylogeny of flatfishes (Pleuronectiformes) and their position among percomorphs. Most genes vary significantly in base composition among taxa and fail to resolve flatfish monophyly and other emblematic groups, suggesting that non-stationarity may be causing systematic error. We show a strong association between base compositional bias and topological discordance among individual gene partitions and their inferred trees. Phylogenetic methods applying non-homogeneous models to accommodate non-stationarity have relatively minor effect to reduce gene tree discordance, suggesting that available computer programs applying these methods do not scale up efficiently to the data set of modest size analysed in this study. By comparing phylogenetic trees obtained with species tree (STAR) and concatenation approaches, we show that gene tree discordance in our data set is most likely due to base compositional biases than to incomplete lineage sorting. Multi-locus analyses suggest that the combined phylogenetic signal from all loci in a concatenated data set overcomes systematic biases induced by non-stationarity at each partition. Finally, relationships among flatfishes and their relatives are discussed in the light of these results. We find support for the monophyly of flatfishes and confirm findings from previous molecular phylogenetic studies suggesting their close affinity with several carangimorph groups (i.e., jack and allies, barracuda, archerfish, billfish and swordfish, threadfin, moonfish, beach salmon, and snook and barramundi).
The advent of genomics and large data sets has spawned enthusiasm and higher confidence in phylogenetic estimation. However, larger and more complex data sets also present larger and more complex challenges for phylogenetic analysis. Complexities involve accommodating diverse biological processes with potential to generate incongruent historical signal, such as incomplete lineage sorting (ILS), horizontal gene transfer, and hidden paralogy (Maddison 1997) . Although much effort has been devoted recently to account for ILS using species-tree methods (Maddison 1997; Edwards et al. 2007; Kubatko et al. 2009; Liu et al. 2009a Liu et al. , 2009b , most studies implementing such approaches assume that this biological phenomenon is the main cause of gene tree discordance. However, large multi-locus data sets also may feature dramatic systematic biases for phylogenetic inference as a consequence of rate-and pattern-heterogeneity among data partitions (Pagel and Meade 2004) .
Conventional likelihood-based approaches increasingly use partitioned analyses to specify independent DNA substitution models for accom modating amongsite rate or pattern heterogeneity (Li et al. 2008; Lanfear et al. 2012) ; less frequently, mixture-model analyses also have been applied in this context (Pagel and Meade 2004; Roure and Philippe 2011; Evans and Sullivan 2012) . Although these methods account for heterogeneity among sites or partitions in the alignment, they are based on homogeneous models of DNA substitution, assuming uniform processes across taxa.
The importance of non-homogeneity across the evolutionary process has been recognized for some time, in particular the effects of rate variation among lineages or heterotachy (López et al. 2002; Lockhart et al. 2006; Lartillot et al. 2007; Evans et al. 2010; Roure and Philippe 2011) and base composition heterogeneity among taxa or non-stationarity (Weisburg et al. 1989; Lockhart et al. 1992; Conant and Lewis 2001; Jermiin et al. 2004; Phillips et al. 2004; Phillips et al. 2006; Sheffield et al. 2009 ). Departures from the homogeneity condition can thus result in severe systematic error (e.g., Collins et al. 2005; Rodriguez-Ezpeleta et al. 2007 ) by incorrectly grouping distantly related taxa that converge in fast rates of substitution (i.e., long-branch attraction) or extreme nucleotide composition (i.e., compositional attraction).
Most phylogenetic programs used for phylogenetic reconstruction operate under the assumption of stationarity in base composition, but seldom is this assumption assessed or its violation accounted for. Many DNA markers used for higher-level phylogenetic studies, however, appear to suffer from non-stationarity, 764 SYSTEMATIC BIOLOGY VOL. 62 with prominent examples including a diverse array of taxa, such as bats (Van Den Bussche 1998; Teeling et al. 2000) , mammal orders (Gibson et al. 2005) , birds (Nabholz et al. 2011) , fishes Orti and Li 2009) , hexapods (Delsuc et al. 2003) , beetles (Sheffield et al. 2009; Song et al. 2010) , yeast (Collins et al. 2005) , and basal eukaryote lineages (RodriguezEzpeleta et al. 2007 ). Some early proposals to correct for nucleotide compositional heterogeneity included computing neighbor-joining trees based on LogDet distances (Lake 1994; Lockhart et al. 1994) or removing, recoding, or translating problematic partitions (Lake 1994; Phillips and Penny 2003; Phillips et al. 2004; Gibson et al. 2005; Evans et al. 2010 ), but these strategies are not always effective and may induce loss of phylogenetic signal. More recently, complex non-stationary models that take into account base compositional heterogeneity have been developed (Galtier and Gouy 1998; Foster 2004; Blanquart and Lartillot 2006; Boussau and Gouy 2006; Gowri-Shankar and Rattray 2007; Dutheil and Boussau 2008) , however, these non-homogeneous (nh) models are computationally demanding and few empirical studies have assessed their efficacy (e.g., Sheffield et al. 2009 ).
Most studies addressing violations of the assumption of compositional homogeneity investigate systematic error with respect to specific taxa that appear misplaced in the resulting topology (e.g., Sheffield et al. 2009 ). However, no empirical papers have assessed systematically the degree of compositional heterogeneity among different genetic markers in a multi-locus data set and the extent to which it may adversely affect phylogenetic estimation. Large data sets, such as the one analysed here, may have one or more non-stationary partitions, but the direction and magnitude of their bias may differ in such a way that their combined effect is neutralized with respect to the prevailing phylogenetic signal. Although systematic biases introduced by individual non-stationary partitions may be averaged out or greatly reduced by high signal-to-noise ratios achieved by combining multiple genetic partitions (but see Jeffroy et al. 2006; Rodriguez-Ezpeleta et al. 2007) , loci with stronger compositional heterogeneity may result in severe phylogenetic biases (Castresana 2007) . Rather than assuming this to be true, this possibility needs to be explored for each particular case.
In this study, we investigate the effects of nonstationary partitions in phylogenetic estimation of single-gene and multi-locus data sets generated for taxa from the flatfish order Pleuronectiformes. Flatfishes, including the popular flounders, halibuts, turbots, and soles, are well-known for having both eyes on the same side of the head, representing the most extreme deviation from symmetry among vertebrates (Munroe 2005) . Pleuronectiform monophyly has been supported on the basis of three morphological synapomorphies Chapleau 1993; Munroe 2005) and the group is traditionally divided into two suborders: Psettodoidei, with one genus (Psettodes, including three species), and Pleuronectoidei, including the remaining taxa (ca. 800 species in 120 genera). Fish species with morphology intermediate between a flatfish and a symmetric body plan are rare and known only from the fossil record (i.e., †Amphistium and †Heteronectes), suggesting that flatfish asymmetry had a single evolutionary origin (Friedman 2008; Friedman 2012) . Molecular phylogenetic studies using a handful of markers, however, have so far been inconclusive about pleuronectiform monophyly. The few cases that in fact supported a flatfish clade, either include a comprehensive sampling inside the order but poor (Berendzen and Dimmick 2002) or even non-existent (Azevedo et al. 2008 ) outgroup taxa or, conversely, have a diverse coverage of percomorph lineages but flatfish sampling is restricted to a few pleuronectoids (Kawahara et al. 2008; Little et al. 2010) . In contrast, other largescale molecular studies comprising broader taxonomic representation have failed to recover the monophyly of this prominent group (Smith and Wheeler 2006; Li et al. 2009; Li et al. 2011) . These findings are intriguing considering that some ichthyologists in the early 1900s challenged the idea of single origin of fish asymmetry by suggesting that Psettodes is an asymmetrical percoid that could potentially be placed in the family Serranidae (Kyle 1923; Chabanaud 1949) . Aside from the debate concerning pleuronectiform monophyly, their phylogenetic affinities with other percomorphs were also, until recently, enigmatic. Flatfishes have historically been separated from the remaining percomorph lineages but traditional anatomical studies have failed to identify their sister group due to an apparent lack of shared-derived characteristics (Regan 1912; Norman 1934; Chapleau 1993; Johnson and Patterson 1993; Hensley 1997) . Recent molecular phylogenies have shed new light, suggesting a close affinity between flatfishes and other seemingly disparate percomorph taxa, such as barracudas, archerfishes, snooks, moonfishes, swordfishes and billfishes, threadfins, and carangoids (Chen et al. 2003; Miya et al. 2003; Smith and Wheeler 2006; Li et al. 2009; Little et al. 2010; Li et al. 2011; Betancur-R et al. 2013) . This group of taxa was initially referred to as "clade L" sensu (Chen et al., 2003) or Carangimorpha by , and more recently formally named as Carangimorphariae in a revised classification of bony fishes ), which we follow here. The new classification ranks Carangimorphariae (hereafter carangimorphs), together with Anabantomorphariae and Ovalentariae, as subseries of Carangimorpharia, one of the six major series within the subdivision Percomorphaceae (percomorphs).
In this article, we present a thorough investigation of flatfish phylogeny by combining rich genetic coverage (20 loci; ca. 20 kbp) with dense taxonomic breadth (>200 taxa), including all putative flatfish and carangimorph lineages plus a diverse percomorph outgroup. Initial analyses of individual genes resulted in highly incongruent gene trees, the majority of which failed to recover monophyly of Pleuronectiformes 765 and/or its suborders, carangimorphs, as well as other emblematic groups. To address this lack of congruence, we first investigate the presence of base compositional heterogeneity. We report strong deviations from stationarity in multiple partitions of our data set, assess the degree to which non-stationarity impacts gene tree estimation, and evaluate currently available nh models to reduce this effect. We also explore the extent to which ILS may cause the observed phylogenetic discordance. Finally, we assess whether biases induced by non-stationarity partitions are compensated for in the analysis of the combined multi-locus data set. We show that despite substantial incongruence at the gene level, phylogenetic analyses based on multilocus sequence data provide significant resolution of flatfish monophyly and interrelationships, ultimately supporting the hypothesis that flatfish asymmetry has a single evolutionary origin.
METHODS AND DATA

Taxonomic Sampling
Flatfish diversity is represented in our study by a sample of 79 specimens from 75 nominal species (out of ca. 800 spp. described for the order), distributed among 59 genera (out of ca. 120), 13 families (out of 15), and the two recognized suborders (Psettodoidei and Pleuronectoidei). The number of specimens sampled for each of the 13 families was as follows: Achiridae (5), Achiropsettidae (4), Bothidae (10), Citharidae (3), Cynoglossidae (4), Paralichthyidae (11), Pleuronectidae (17), Poecilopsettidae (2), Psettodidae (4), Rhombosoleidae (4), Samaridae (3), Scophthalmidae (3), and Soleidae (9). Two familylevel lineages (Paralichthodidae and the incertae sedis genus Tephrinectes) were not included in the analyses due to unavailability of material.
To test hypotheses of flatfish monophyly and interrelationships, we also examined a broad arrange of percomorph taxa (134 species in 91 families), laying emphasis on carangimorph lineages suggested by recent molecular studies (Smith and Wheeler 2006; Li et al. 2009; Little et al. 2010; Li et al. 2011; Betancur-R et al. 2013) . Sequences from two non-percomorph taxa (Zeus faber and Polymixia japonica) were used as outgroups. Most taxa examined have voucher specimens deposited at the ichthyology collection, University of Kansas, or other repositories. A complete list of material examined (214 taxa) and catalog numbers is given in Supplementary Table 1. All supplementary files listed here, including figures, tables, and aligned data sets are available from the Dryad data repository at http://datadryad.org, doi:10.5061/dryad.dj31p. Tree and alignment files are also available from TreeBase at http://purl.org/phylo/treebase/phylows/study/ TB2:S14273. See also http://datadryad.org/review?wfID =11972&token=65b90899-3dd5-492e-8ddf-b0d1156b98d4 and http://purl.org/phylo/treebase/phylows/ study/TB2:S14239?x-access-code=94f63fbf67e7dfdaf60a 7322804f83a4&format=html.
Molecular Data and Sequence Alignment
We generated sequences for 20 genetic markers, including one mitochondrial (mtDNA) gene (16S ribosomal DNA) and 19 single-copy nuclear exons (nDNA). Table 1 provides detailed information on markers examined and abbreviations used throughout the text. The 19 nDNA markers used include the popular RAG1 fragment (exon 3) (López et al. 2004 ) and four markers (IRBP, MLL, RH, and RNF213) designed and/or optimized by other research groups (Chen et al. 2003; Dettai and Lecointre 2005; Dettai and Lecointre 2008; Li et al. 2009 ). The other 14 loci were either previously published by the Euteleost Tree of Life consortium Li et al. 2008; Li et al. 2010; Li et al. 2011; Betancur-R et al. 2013; Broughton et al. 2013) : KIAA1239, MYH6, PLAGL2, RIPK4, SH3PX3, SIDKEY, SLC10A3, UBE3A, UBE3A-like, ZNF503, and ZNF536; or they were newly developed for this study (EHHADH, GCS1, and GPR61) using the same approach. DNA extraction and amplification protocols via nested PCR followed previous studies Li et al. 2008; Li et al. 2010; Li et al. 2011) . A summary of 103 primer sequences and optimized PCR conditions used for the 20 markers is presented in Supplementary Although the great majority of sequences (83%) were generated in this study, a fraction was obtained from GenBank or other genomic databases (e.g., Ensemble and the Cichlid Genome Consortium). In order to minimize missing data, a few of the sequences retrieved from public databases (5.6% of the total sequences) were used to compile multilocus data for composite taxa. These comprise genuslevel sequences for carangimorphs (including flatfishes) and genus-level or family-level sequences for other taxa. Alternative species examined and non-conspecific entries in the data matrix are specified in Supplementary  Table 1 .
Contigs were assembled from forward and reverse sequences using CodonCode Aligner v3.5.4 (CodonCode Corporation) or Sequencher v4 (Gene Codes Corporation). The 16S sequences were aligned in SATE v1.4 (Liu et al. 2009b ) using 50 iterations and aligned blocks including a high proportion of indels were removed from the final data set. Exon markers were aligned individually either manually or using the Translation Align algorithm in Geneious v5.4 (Biomatters Ltd.). All exon alignments were inspected to verify the absence of stop codons or disrupted reading frames. Because nested PCR is highly prone to cross-contamination, we vetted the data during several sequencing stages by visually inspecting individual gene trees generated under maximum likelihood (ML) using the PhyML (Guindon and Gascuel 2003) module in Geneious.
Diagnosing Non-Stationarity
As a first approximation, we assessed stationarity using the 2 test implemented in PAUP* v4.0b10 (Swofford 2002) , separately for 16S and for each codon position of individual exons (total 58 partitions), after excluding missing taxa for each partition. Due to issues of type II error with the 2 test (Foster 2004) , we also used the disparity index (I D ) of Gadagkar 2001, implemented in MEGA5 (Tamura et al. 2011) as an alternative metric to detect non-stationarity. The I D was originally developed for identifying non-stationary genes in a pairwise framework by summarizing observed differences in composition for any given pair of sequences (e.g., human and mouse). However, detecting deviant partitions becomes difficult for large phylogenetic data sets with hundreds of taxa. Therefore, as a second approximation, we estimated mean I D values for each of the 58 partitions (average of all pairwise values among taxa) to assess their degree of compositional heterogeneity, and compared these values against the results obtained with the 2 test. Finally, we also attempted to conduct Foster's test as implemented in P4 v0.89 (Foster 2004 ) which uses posterior predictive simulations to assess the fit of homogeneous versus heterogeneous models to each data partition. Unlike 2 and I D , this test accounts for evolutionary non-independence; however, its implementation was computationally inefficient even for a reduced data set. Partitions diagnosed with significant non-stationarity were earmarked for differential treatment in subsequent phylogenetic analyses.
Analyses Using Homogeneous Models
Given the size of our data set (214 taxa and 20 genes), phylogenetic analyses using nh models on the complete matrix were infeasible, but these were conducted for a subset of the data (see below). For the complete data set we implemented recoding strategies, such as RYcoding or AGY-coding, to mask the adverse effects of base compositional heterogeneity (Phillips et al. 2004; Gibson et al. 2005) . As an additional (and more radical) approach to mask the nucleotide bias, we translated the exon sequences into amino acids and performed ML searches on the resulting protein data set combined with 16S DNA (hereafter DNA-AA). Analyses of individual gene alignments and of the concatenated data set were conducted under ML using Treefinder v1.0-2008 (Jobb et al. 2004 ) and RAxML v7.2.8 (Stamatakis 2006) . Each run was replicated 50 times to check consistency of results. Three strategies were implemented for coding non-stationary partitions diagnosed in the previous step: nucleotide (raw data with no coding, as a control), AGY, and RY. We further checked whether recoded partitions resulted in homogeneous base frequencies across taxa using the 2 statistic. To analyse recoded data, we used the GTR3 and GTR2 models implemented in Treefinder v1.0-2008 (Jobb et al. 2004) for AGY-and RY-coded matrices (Gibson et al. 2005) , respectively. To the best of our knowledge, Treefinder is the only efficient ML algorithm that implements these models. Nonetheless, for comparison, we also estimated trees using RAxML under a (homogeneous) GTR model for the recoded partitions, with the caveat that these may be subject to over-parameterization.
ML analyses on the DNA data sets were partitioned by gene type (mtDNA vs. nDNA) and by codon position for nuclear exons as follows: one partition for 16S and three partitions for all exon genes, resulting in four partitions for the concatenated data set. For estimation of individual gene trees, the partitioning strategy used three partitions (by codon position) for each individual exon and one partition for 16S. The best-fit model of sequence evolution for each partition that was not diagnosed with non-stationarity was assessed using the "Propose Model" feature with the Akaike Information Criterion (AIC) in TreeFinder (TreeFinder searches only). Partitions diagnosed with non-stationarity were recoded and analysed under a GTR2 or GTR3 model, as explained above. The DNA-AA data set was analysed in RAxML under the GTR model for the DNA partition and the JTTF for the amino acid partition, as selected with ProtTest (Abascal et al. 2005) . Nodal support was assessed in RAxML using the rapid bootstrapping algorithm with automatic estimation of replicates.
Testing the Effects of Non-Stationary Partitions on
Phylogenetic Estimation After diagnosing base compositional heterogeneity in our data set, we explore its potential impact on the phylogenetic results from four different angles. Our exploration is based on analyses of individual genes and multi-locus data. Because this is an empirical study and the true topology is unknown, we chose to focus on three criteria: 1) topological congruence in recovering the monophyly of five emblematic taxa; 2) topological disparity among resulting trees; and 3) support values as a proxy for phylogenetic signal. The five indicator, taxonomic groups are the flatfish order Pleuronectiformes and suborder Pleuronectoidei, as well as three supraordinal clades: Carangimorphariae, Anabantomorphariae, and Carangimorphariae + Anabantomorphariae (see Discussion section and Miya et al. 2005; Smith and Wheeler 2006; Kawahara et al. 2008; Li et al. 2011; Betancur-R et al. 2013) . Topological disparity was measured with the PH85 distance using the R package Ape (Paradis et al. 2004) or the RobinsonFoulds (RF) distance implemented in Hashrf v1.0 (Sul and Williams 2008) . Whenever necessary, differences in taxon sampling across genes were corrected by estimating the topological distance rate (topological distance rate = topological distance / (number of taxa -3) (Sul and Williams 2008) . Support values were averaged for each tree across internal branches (mean support = support values / (number of taxa -3)) and whisker plots were used to compare the resulting mean values as well as the RF distance matrices. Because some of the methods we explore are computationally intensive (e.g., programs implementing nh models) or require full sequence coverage across taxa (i.e., speciestree methods), many analyses were conducted on a subset of 37 species (representing major lineages) and 18 genes for which complete sequences were available (MLL and SH3PX3 were excluded). On the basis of these comparisons we addressed the following questions (not all were evaluated using the three criteria):
1) How does non-stationarity affect gene tree estimation?-To
quantitatively assess the impact of inferring gene trees under homogeneous models when the assumption of stationarity is violated by the data, we compared the mean I D value for each partition (as a proxy of nonstationarity) against the topological distance between that gene tree and a reference tree. This comparison uses as a fixed reference the topology of the species tree obtained by analysis of the concatenated data (hereafter referred to as the concatenation tree or topology, shown in Fig. 3) , chosen under the assumption that it is more likely to reflect maximum signal-to-noise ratio by combining more data and averaging out the noise of non-stationarity at individual gene partitions (see prediction 4 below). If base compositional heterogeneity causes a systematic bias for each individual gene data set, we expect a positive correlation between the average value of I D and the topological distance between the gene tree and the concatenation tree for gene partitions diagnosed with significant non-stationarity. For these partitions, higher values of I D imply stronger base compositional bias that would cause larger deviations with respect to the averaged concatenation topology. In contrast, stationary partitions should result in nonsignificant correlations. Trees for each gene were estimated under ML in RAxML using partitioned analyses with homogenous models, as explained above. To control for other confounding factors that may cause topological discordance, for example random mutational variance (noise or homoplasy) due to fragment length (approximated by the amount of phylogenetic signal in each gene partition), we used a generalized linear model (glm function in R; R Development Core Team 2011). With this approach we test the response of topological distance between the concatenation tree and each gene tree (dependent variable) with respect to three independent variables: mean I D , sequence length, and number of variable sites for each fragment.
Another, more qualitative method for assessing and visualizing the effects of non-stationarity is to trace GC content across the phylogeny for partitions diagnosed with compositional heterogeneity. Using a non-stationary model, we optimized GC content for five heterogeneous markers on their inferred gene tree topology and traced this parameter by coloring internal branches proportional to their inferred GC content. The GC content was optimized using a non-stationary model with four equilibrium frequencies implemented in nhPhyML (Boussau and Gouy 2006) onto the RAxMLderived topologies (based on an homogeneous GTR model). With this approach, it can be seen whether putatively unrelated taxa with extreme values of GC are attracted or grouped together as a result of convergent nucleotide composition (Lockhart et al. 1994; Conant and Lewis 2001) .
2) Does the implementation of nh models reduce gene tree incongruence?-If the observed topological incongruence among gene trees is mainly due to base compositional biases, we expect that estimation of gene trees with nh models should result in reduced discordance with respect to trees based on models that assume stationarity. This expectation is most relevant for partitions diagnosed with significant GC biases. A failure to meet this expectation could mean that current methods implementing nh models are inefficient (or too sensitive to details of the model) or that other factors may be interacting in unpredictable ways to maintain high levels of incongruence among gene trees.
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We implemented nh models under Bayesian and likelihood frameworks using P4 (Foster 2004 ), nhPyloBayes v0.2.3 (Blanquart and Lartillot 2006) , and nhPhyML. The initial plan was to run these applications on the complete, concatenated data set. Given that these programs are computationally inefficient for large data sets, we restricted these analyses to the reduced data subset only. Even then, preliminary analyses on the concatenated subset suggested they would require a running time of 6-12 months to achieve convergence; thus, nh analyses only were conducted on individual genes. The P4 approach to compositional heterogeneity requires the user to specify a priori a number of base composition vectors, consistent with the distribution of base frequencies. The values on the vectors and their allocation on the tree are free parameters estimated by Markov Chain Monte Carlo (MCMC) simulation. The program nhPyloBayes uses a doubly stochastic system, first creating breakpoints along the tree. After each breakpoint, the sequences evolve toward new equilibrium frequencies, a priori independent from those ancestral to the breakpoint. Unlike P4, the total number of breakpoints is a free variable of the model and is automatically estimated during the MCMC. The nhPhyML program implements the nh model of Galtier and Gouy (1998) in a likelihood framework, using the nearest neighbor interchange (NNI) algorithm of PhyML to explore tree space. The algorithm optimizes equilibrium frequencies for either each branch of the tree or, like P4, using a predefined number of composition vectors. The model is parameter-rich and the program has limitations for exploration of the tree space, requiring the user to supply an initial tree topology.
The P4 analyses were partitioned by codon position and the best-fit model for each partition was estimated with the AIC in MrModeltest 2.3 (Nylander 2004 ); homogeneous models were specified for partitions without significant compositional heterogeneity, whereas deviant partitions were modeled under nonstationarity using three composition vectors. The P4 and nhPyloBayes MCMC chains were each run using a computer cluster for 2-4 months until P4 sampled 30 million generations, collecting trees every 1000 generations, and until nhPyloBayes obtained 4000-12,000 samples using four independent chains. To determine if the chains were long enough, P4 log files were assessed using the effective sample size (ESS) statistic, where ESS > 200 suggest convergence. We also repeated the P4 searches using five composition vectors but all the runs failed to converge (ESS < 20) and thus the results are not reported. For nhPyloBayes, the "bpcomp" function compares the set of trees among pairs of sampled chains, calculating the pairwise differences of estimated posterior probability of tree-bipartition, where maximum differences among comparisons of <0.1 or between 0.1 and 0.3 are good or acceptable indications of chain convergence, respectively (Blanquart and Lartillot 2006) . For nhPhyML, four equilibrium frequencies were specified. Topologies obtained under homogeneous models for each gene in both Bayesian and ML frameworks were used as unfixed starting trees. Bayesian analyses were conducted in MrBayes 3.1.2 (Ronquist and Huelsenbeck 2003) , with settings similar to those used for P4; ML trees were obtained with RAxML, as explained above. Because nhPhyML has limitations exploring tree space, for each gene we chose the nhPhyML tree with the highest likelihood score obtained from either the RAxML or the MrBayes starting trees. Unlike P4, nhPyloBayes and nhPhyML do not allow implementation of partitioned analyses.
3-Is the discordance between gene trees the result of systematic error or coalescent variance?-It is possible that the observed incongruence among gene trees is (at least in part) due to discordant genealogical histories stemming from ILS (Edwards et al. 2007; Kubatko et al. 2009; Liu et al. 2009a Liu et al. , 2009b Huang et al. 2010) . The actual effects of gene tree discordance on phylogenetic results (the species tree) will depend in part on the factors causing this discordance (ILS or GC bias, or more generally coalescent variance or mutational variance; Huang et al. 2010 ) and on the methods that attempt (or not) to correct for systematic errors caused by one or more factors. To explore this possibility and its putative consequences, we implemented coalescent-based species-tree methods. Species-tree analyses were infeasible on the complete data set given the random nature of missing species in our matrix and were thus restricted to the data subset. We used the tree-based program STAR implemented in the R package Phybase (Liu et al. 2009a (Liu et al. , 2009b . Input trees included those estimated under different models (homogeneous and non-homogeneous), coding strategies (nucleotide, AGY, and RY), and methods (RAxML, TreeFider, MrBayes, P4, nhPhyloBayes, and nhPhyML).
If gene tree disparity is the product of widespread ILS, concatenation results could be misled or at least give different results compared to methods that account for coalescent variance. The actual difference in species trees estimated by both methods is hard to predict due to complex interactions among factors affecting mutational variance (or systematic error, as suspected in this case), ILS, and the actual phylogenetic history (topology, branch lengths) of the target species (Huang et al. 2010) . On the basis of comparisons among analytical approaches that account for either non-stationarity or ILS, or both, we explore 1) whether the discrepancy between STAR and concatenation trees is reduced by applying methods that account for non-stationarity; and 2) whether the discrepancy between species trees estimated under homogeneous and nh models is reduced by applying methods that account for ILS. Although these comparisons will not directly address the putative cause of observed gene tree discordance, they may shed some light on the effect that this disparity and the methods that attempt to account for it have on the resulting phylogeny. 769 4) Do concatenated multi-locus data sets counteract detrimental effects of non-stationarity among discordant genes?-As previously suggested (Baker and DeSalle 1997; Rokas et al. 2003; Philippe et al. 2011) , it may be reasonable to assume that additive phylogenetic signal contained in genome-wide multi-locus data sets may neutralize any systematic bias induced by nonstationarity in each gene partition by increasing signalto-noise ratio. This may be the case when convergence in base composition among taxa differs from gene to gene. To test this, we assessed the species trees and the concatenated trees using the three criteria outlined above. In addition, we optimized GC content in the concatenation tree to evaluate the prevalence and distribution of branches with extreme GC values. Because we had gene and concatenation trees based on both the full and the reduced data sets, we also tested the effect of taxonomic sampling in determining phylogenetic signal and topological congruence (e.g., Zwickl and Hillis 2002; Rokas and Carroll 2005; Heath et al. 2008) .
Finally, we also compared the likelihood of the concatenation topology against each gene tree topology under the most general nh model implemented in nhPhyML, which optimizes a separate equilibrium frequency for each branch in the tree. We used fixed topologies to optimize this general model and also ran approximately unbiased (AU) tests as implemented in CONSEL v.1.2 (Shimodaira and Hasegawa 2001) to compare the concatenation topology against the tree topology obtained for each gene marker using RAxML. Assuming the concatenation topology as a null hypothesis, we compared likelihood scores between this hypothesis and the RAxML topology obtained for each gene. If the concatenation topology is in fact correcting the noise generated by GC biases, we expect gene tree topologies that are forced to match the concatenated tree to have higher likelihood scores under nh models than topologies obtained using RAxML.
RESULTS
Data set Attributes
This study generated 2847 sequences for 20 markers and 214 taxa, and the final data set comprised 19,461 aligned sites. The average presence of data across the alignment was 80.2%, including the 584 additional sequences retrieved from public databases; the number of variable sites in the concatenated alignment was 11,501, and for each locus it ranged from 329-1038 (mean = 575). A summary of data set statistics for each marker and overall, including alignment length, sequence variation, pairwise distances, distribution of present/missing sequences and taxa, and GenBank accession numbers (JQ937381-JQ940227) is given in Supplementary Table 3 (see also Supplementary Table 1) . 
Base Compositional Heterogeneity
The results of the 2 test indicate that third codon positions of the 19 nuclear markers have significant levels of compositional heterogeneity (P < 0.001). Likewise, mean I D values are substantially higher for third codon positions (0.123-1.370) and 16S (255) relative to first (0.006-0.071) and second codon positions (0.000-0.029; Fig. 1, Table 2 ). Although the 2 test resulted in non-significant heterogeneity for 16S and third codon positions of locus RNF213, the mean I D values for these partitions (0.195 and 0.255, respectively) are higher than those in other partitions (e.g., GCS1 = 0.123, ZNF526 = 0.134) with significant 2 P-values. We thus treat 16S and all third codon positions of nuclear exons (i.e., 20 out of 58 possible partitions) as non-stationary partitions for downstream analyses (Fig. 1, Table 2 ).
ML Analyses on Individual Genes and the Concatenated
Data set The ML reconstructions resulted in highly discordant and poorly supported gene trees (mean bootstrap values across nodes and genes = 52.3%), with 18 (out of 20) failing to support flatfish monophyly ( Fig. 2; DNA data sets (nucleotide, AGY, and RY) were highly congruent and well supported (mean bootstrap values across nodes and coding strategies = 82.6%), with most topologies recovering the monophyly of flatfishes and indicator groups (Table 3 ). The topology obtained with the DNA-AA data set also was largely congruent with trees estimated with untranslated DNA sequences only ( Supplementary Fig. 1) ; however, the translation to amino acids resulted in considerable loss of phylogenetic signal (mean bootstrap values = 77.3%) and did not resolve flatfishes as a monophyletic group. Therefore, we exclude DNA-AA analyses from further consideration. The 2 test resulted in non-significant P-values after AGY-or RY-recoding of 20 partitions with compositional heterogeneity. In addition, mean support values across nodes were similar for the AGY (RAxML bootstrap = 83.4) and the nucleotide (RAxML bootstrap = 83.3%) trees, which were in turn slightly higher relative to the RY trees (RAxML bootstrap = 81.2%). These results suggest that the milder method of data recoding (AGY) provides the best trade-off in terms of GC bias correction and loss of phylogenetic signal (Gibson et al. 2005) . We thus report the tree obtained with TreeFinder, estimated under the GTR3 model for the AGY-recoded partitions, as our favored phylogenetic hypothesis (Fig. 3) . The major implications of this result from an ichthyological perspective are presented in the Discussion section.
The Effects of Non-Stationary Partitions on Phylogenetic
Estimation 1) How does non-stationarity affect gene tree estimation?-As predicted, scatterplots of topological distance between each gene tree and the concatenation tree (estimated with homogeneous models) against mean I D (Fig. 4) show a strong positive correlation for non-stationary partitions (16S + third codon positions; R 2 = 0.343, P = 0.007), whereas homogeneous partitions resulted in non-significant correlations (first codon positions: R 2 = 0.033, P = 0.45; second codon positions: R 2 = 0.008, P = 0.71). As noted above, bootstrap support values for all gene trees are low (mean 52.3% across nodes and gene trees), suggesting that the phylogenetic signal contained in each data set is weak and may contribute significantly to mutational variance. However, using a GLM to account for other confounding variables, such as sequence length and variable sites, still resulted in a significant fit between topological disparity and mean I D for non-stationary partitions, albeit the significance is slightly weaker (P = 0.024). In addition, the two other independent variables did not have a significant response (sequence length: P = 0.65; variable sites: P = 0.82).
Trees from five genes with high levels of compositional heterogeneity (MYH6, RH, SLC10A3, UBE3A, and UBE3A-like; mean I D = 0.75−1.37; see Fig. 1 FIGURE 3. Continued these trees include clades with extreme GC content that are composed of both flatfish (mostly bothids and rhombosoleids) and non-flatfish taxa (Fig. 5) . Taken together, these results suggest that violation of the assumption of stationarity by our data is leading to dangerous levels of systematic error in gene tree estimation. However, if the direction of bias or the distribution of convergence in base composition among all P4 runs was >2000 after 25% burn-in, indicating convergence of most parameters. However, we note that for a minority of the non-stationary partitions (5 out of 20; i.e., third codon positions of GPR61, PLAGL2, RH, RNF213, ZNF536) ca. 40% of the compositional parameters had ESS values <100, suggesting the necessity of running the analysis for much longer. These results were obtained after 4 months of continuous runs. We estimate that the computational burden for achieving convergence on those remaining parameters does not justify re-running the analyses or adjusting the models ad hoc, on a case-by-case basis. Specification of the best non-stationary model ("model testing") using statistical criteria would be desirable, but resulted computationally intractable. For nhPhyloBayes we obtained 4000-12,000 samples for each chain and discarded 20% of the initial samples as burn-in. The sets of nhPhyloBayes trees resulted in maximum differences of estimated posterior probability of tree-bipartition of <0.1 for 13 genes and 0.1-0.3 for 5 genes, suggesting topological convergence among chains (although it is not possible to assess convergence of equilibrium frequencies). For nhPhyML, we obtained different results depending on the starting tree (RAxML or MrBayes topologies) and thus the tree with the highest likelihood score between the two searches was chosen in each case.
Topological distances among gene trees estimated under homogeneous (RAxML and MrBayes) and most non-homogenous (P4, nhPhyloBayes, and nhPhyML) models were overall similar (Fig. 6a) , but gene tree disparity was slightly higher with the nhPhyloBayes approach (mean disparity: RAxML = 0.72; MrBayes = 0.70; P4 = 0.71; nhPhyloBayes = 0.75; nhPhyML = 0.70; Fig. 6a ). Mean posterior probability values across branches for gene trees obtained with MrBayes (65.9%) were slightly higher than those obtained with P4 (63.3%), both of which were in turn substantially higher than the nhPhyloBayes support values (53.9%; Fig. 6b) . Monophyly of the five indicator groups was recovered in a greater proportion of cases for gene trees estimated with nhPhyML (61.1%) and MrBayes (61.1%), relative to those obtained with RAxML (55.6%), P4 (56.7%), and nhPhyloBayes (46.7%; see details in Table 3 ). Taken together these results indicate that while phylogenetic reconstructions using available nh models do not appear to efficiently correct the systematic error induced by nonstationarity in our data set, these may be artifacts due to model misspecification or incomplete searches (most notably for nhPhyML).
3) Is the discordance between gene trees the result of systematic error or coalescent variance?-We explore this question indirectly by measuring the effect of methods that attempt to accommodate for one, both, or neither of these factors to estimate the species tree. The magnitude of topological disparity among STAR species trees, obtained from input trees inferred under different models (homogeneous and nonhomogeneous) and coding strategies (nucleotide, AGY, FIGURE 5. Gene tree topologies for five genes with high compositional heterogeneity ( Figs. 1 and 2 ) and the concatenation tree (Fig. 3) . GC content is optimized on each branch following a color gradient (prediction 1). Tree topologies were estimated with RAxML and GC content optimization was performed in nhPhyML. The five gene trees display polyphyly for flatfishes, with red arrows indicating clades with high GC content that are composed of both flatfish (cyan terminals) and non-flatfish (black terminals) taxa, indicating compositional attraction. All gene trees are poorly supported; average bootstrap values across nodes: MYH6 = 34.0%, RH = 48.7%, SLC10A3 = 47.3%, UBE3A = 45.5%, UBE3A-like = 47.7%. Color gradient scales for GC content differ among trees. RY), is similar to the distance observed among STAR and concatenation trees combined (STAR trees mean = 0.255; STAR vs. concatenation trees mean = 0.240; Fig. 6c ). Topological distances among concatenation trees alone are substantially smaller (mean = 0.126), but all these trees were inferred under homogenous models only (albeit with and without AGY or RY recoding), and thus include fewer data points (Fig. 6c) . Implementation of methods that account for GC biases (recoding) has minor effects on the species trees estimated by concatenation, but causes relatively more discordance among species trees estimated with STAR. Similarly, the level of discrepancy between STAR versus concatenation is not reduced by either recoding methods (AGY or RY on the concatenated or gene trees) or estimation of gene trees under nh models.
Topological comparisons with respect to five key groups were, on the other hand, fully congruent across methods (concatenation or STAR), with all trees failing to support flatfish monophyly but successfully recovering the remaining clades (Table 3 ). In conclusion, similar levels of between-method versus withinmethod variation suggest that the extent to which ILS may explain gene tree disparity in our data set is probably minor relative to systematic error (see Supplementary Fig. 2 for four representative topologies).
4) Does the multi-locus data set counteract the nonstationarity of discordant genes?-As shown above, concatenation trees estimated under different coding strategies for the complete data set were highly congruent (mean topological disparity = 0.12) and well supported (mean bootstrap values = 82.6%; Figs. 5e and 6d). Unlike most gene trees, the great majority (Table 3) .
Relative to the five gene trees with high degree of compositional heterogeneity, ancestral GC content optimization in the concatenation tree (RAxML topology obtained under nucleotide coding) reveals considerably fewer branches with extreme values (Fig. 5 GC content variation among taxa is 17% vs. 19-39 % for individual genes). Most importantly, the few clades (mostly flatfish families) containing relatively high levels of GC, such as bothids, cynoglossids, rhombosoleids, and achiropsettids, appear to adequately group as a result of phylogenetic signal (i.e., most families, as traditionally recognized, are monophyletic) rather than due to convergence in base composition.
By and large, the results obtained with the reduced (37 taxa) data set are similar to those using the full data set, with poorly supported and highly incongruent gene trees but well supported and robust multi-locus trees. However, some differences between the two sampling regimes are evident. First, although most concatenation trees based on the full data set resulted in a monophyletic flatfish group, this clade was not recovered in any of the multi-locus trees estimated with the subset either under concatenation or STAR (Table 3) . Second, relative to the gene trees obtained with the 37-taxon data set, topological disparity was slightly lower among gene trees obtained with the complete data set (mean disparity: 0.53 vs. 0.60 for gene trees estimated with the full data set and the subset, respectively; Fig. 6d ). Finally, support values were higher in the full data set trees (mean bootstrap values across nodes: 43.0% vs. 52.3% for gene trees, respectively; 79.1% vs. 82.6% for concatenation trees, respectively; Fig. 5e ).
Finally, taking the concatenation topology as a reference, we compared likelihood scores between this hypothesis and the topology obtained for each gene with RAxML ( Fig. 7; Supplementary Table 4) . Likelihood scores were obtained by optimizing each gene partition under nhPhyML for both the gene tree and concatenation topologies using the most general non-stationary model available. The concatenation topology resulted in higher likelihood scores for 9 (of 18) genes, suggesting that our initial nh results for test 2 were compromised by both tree-searching capacity and model misspecification. Thus, non-stationary model optimization favors the concatenation topology for half of individual genes, suggesting that this solution is closer to the optimum than the alternative, and that discordance among gene trees would be much smaller if efficient implementations of nh approaches were available.
Together, these results are consistent with the prediction that genome-wide multi-locus data sets may neutralize the random noise induced by nonstationarity and that the addition of genes and, to some extent, taxa increases signal-to-noise ratio and minimizes systematic error (effectively "converting" systematic error in to sampling error). Although it may be case specific, our phylogenetic reconstructions using the complete data set also suggest that they are robust Effects of nh model optimization on gene tree inference. For each gene fragment (left column) two topologies were compared using either homogenous models with RAxML (middle column) or nh models in nhPhyML (right column). The topologies compared were the ML gene trees obtained with RAxML (Fig. 2) and the favored phylogenetic hypotheses for the concatenated data set shown in Figure 3 (pruned to include taxa in the 37-taxon subset). Under either optimization (i.e., homogeneous and non-homogenous) we show whether the best likelihood (lnL) score is obtained with the RAxML gene tree (open boxes) or the concatenation topology (black boxes). For all 20 markers the RAxML gene trees resulted in the best lnL scores under homogenous models, whereas under nhPhyML nine markers that optimized the concatenation topology had the best score. Furthermore, in four of those nine cases the score is significantly higher. Further details on this test and full lnL scores are presented in Supplementary Table 4 . AU-test *P = 0.05; **P = 0.01.
to non-stationarity, even when heterogeneous partitions were analysed under the assumption of homogeneity. For instance, the concatenation trees obtained with AGYand RY-coding strategies, which show no compositional heterogeneity, are highly similar to those estimated using the uncorrected nucleotide data set ( Fig. 6d; Table 3 ).
DISCUSSION
Our thorough investigation of flatfish phylogeny provides a detailed analysis of potentially adverse effects of base compositional heterogeneity for phylogenetic inference using large multi-locus data sets. Although there are many confounding factors that may exacerbate systematic error, such as model or partition misspecification and heterotachy, it is widely recognized that strong departures from compositional stationarity result in strong phylogenetic biases, and this problem appears to be universal in all major 779 organismal groups and genome types (Teeling et al. 2000; Jermiin et al. 2004; Phillips et al. 2004; Collins et al. 2005; Gibson et al. 2005; Song et al. 2010; Nabholz et al. 2011) . In spite of this, most studies estimate phylogeny under the assumption of compositional homogeneity without critically assessing whether their data satisfy this condition.
Disregarding recognized issues of non-phylogenetic independence and type II error (Foster 2004) , the 2 test of PAUP continues to be the most popular approach to diagnose non-stationarity of alignments. Other phylogeny-aware methods have been proposed (e.g., Foster 2004), but these can be computationally demanding, particularly for large data sets with hundreds of taxa. We show that a simple estimation of mean I D across pairwise comparisons for each marker partition provides a useful metric to rapidly assess their degree of compositional heterogeneity. An obvious advantage of our approach is that it avoids an overly simplistic discretization of the problem (i.e., stationary vs. non-stationary; e.g., Collins et al. 2005) . Thus, in combination with the 2 test, the I D provides a powerful tool to rapidly diagnose non-stationarity in large multilocus data sets (Fig. 1) .
We find a strong positive correlation between disparity in gene tree estimation and the degree of compositional heterogeneity (mean I D ) for non-stationary partitions (i.e., third codon positions and 16S; Fig. 4c ). For instance, it can be seen that "good" genes such as ZNF536, GCS1, RNF213, KIAA1239, and IRBP, have both the smallest departures from base compositional equilibrium and the smallest topological deviation from the concatenation tree, whereas the opposite is true for RH, MYH6, SLC10A3, UBE3A, and UBE3A-like. This latter group of loci with highest levels of non-stationarity also produces gene trees that show strong evidence of compositional attraction, grouping unrelated taxa with convergent base composition (Fig. 5) . These results corroborate the idea that testing for compositional heterogeneity can predict phylogenetic performance of markers (Collins et al. 2005) . Thus, given the availability of hundreds to thousands of loci now made possible by genomic resources (e.g., Hittinger et al. 2010; Faircloth et al. 2012; Lemmon et al. 2012) , compositional stationarity should be added to the list of criteria to inform marker selection (Jeffroy et al. 2006; Townsend 2007; Lopez-Giraldez and Townsend 2011) .
Another recurrent question raised by many authors, with broader implications for phylogenetics, is to determine the number of gene partitions necessary to resolve a particularly hard phylogeny (Ciccarelli et al. 2006; Jeffroy et al. 2006; Rokas and Carroll 2006; Castresana 2007) . Emergent phylogenetic support is predicted to grow with the size of the data set and may be quantified by approaches such as random addition concatenation analysis (RADICAL; Narechania et al. 2012 ). This approach also may be used to find a stable set of genes with generally congruent phylogenetic signal, and to identify outliers that may indicate anomalous or biased historical evidence. In our case, the non-stationary partitions could fall into this latter category, providing another diagnostic tool for non-stationarity and prompting the need for discarding or recoding genes with conflicting signal (Jeffroy et al. 2006) .
Only a fraction of the studies challenged by base compositional heterogeneity implemented data recoding (AGY and RY) and protein translation as a means to mask the bias Phillips et al. 2004; Gibson et al. 2005; Evans et al. 2010) ; less frequently, empirical papers have applied non-homogenous models (Galtier and Gouy 1998; Foster 2004; Blanquart and Lartillot 2006; Boussau and Gouy 2006; Gowri-Shankar and Rattray 2007; Dutheil and Boussau 2008) . A recent mitogenomic study of 18 beetle taxa found that nh models successfully corrected phylogenetic biases induced by base compositional heterogeneity (Sheffield et al. 2009 ). Although our necessarily limited implementation of nh approaches for gene tree estimation using the 37-taxon alignments showed no evident improvement relative to traditional approaches using homogeneous models (Fig. 6a,b) , optimization of individual gene sequences on the concatenation-tree topology using the most general nh model in nhPhyML resulted in higher likelihood scores for nine out of 18 genes compared to the likelihood values obtained on the RAML-tree topology, four of them significantly higher according to the AUtest ( Fig. 7; Supplementary Table 4 ). These findings suggest that nh models available are computationally demanding and challenging to implement in efficient software applications. Currently available tools for analysis require long running times to converge or are inefficacious to correct systematic errors, in particular for large data sets. Future developments to implement nh models based on high performance computing platforms (e.g., Ayres et al. 2012) would be a welcome addition to the phylogenetics toolbox.
The increasing availability of multi-locus sequence data sets has revealed that genealogical histories of individual genes may differ considerably from the underlying organismal phylogeny. Many biological processes have been claimed as the cause of discordance, in particular deep coalescence or ILS (Edwards et al. 2007; Edwards 2009; Kubatko et al. 2009; Liu et al. 2009a Liu et al. , 2009b Carstens and Dewey 2010) . Simulation studies show that coalescent-based species-tree methods may outperform concatenation when ILS is substantial (Carstens and Knowles 2007; Degnan and Rosenberg 2009; Wu 2012 ). However, their performance or relevance for empirical data sets is not as clear (but see Sen et al. 2012) . We have shown that incongruence among gene trees in our data set (Fig. 2) may stem, to a large extent, from systematic error due to base compositional heterogeneity (see above and Figs. 4c and 5; see also Collins et al. 2005; Castresana 2007) . To address the effect of ILS, we compared results obtained with concatenated versus species-tree approaches. The topologies estimated with species-tree methods, using input trees obtained with alternative strategies to 780 SYSTEMATIC BIOLOGY VOL. 62 account for non-stationarity, were largely similar to those obtained with concatenation ( Fig. 6c; Table 3 ). These findings suggest that the extent to which ILS explains gene tree discordance in our data set is apparently minor relative to non-stationarity.
By extension, the rising popularity of species-tree methods should be tempered with the fact that systematic error, rather than ILS, may be the main factor of discordance, particularly for higher taxonomiclevel phylogenetic studies (Huang et al. 2010) . Even in the absence of base compositional bias or other systematic artifacts, individual markers often lack sufficient phylogenetic signal to fully resolve gene trees with high support and most tree-based species-tree methods require fully resolved topologies. The fact that DNA-AA analyses resulted in considerable loss of phylogenetic signal implies that our results are dependent on silent-site variation, and also suggests that this example may be an intermediate case between a "low-level" study (where ILS is expected to be a relatively stronger force than base-composition bias) and a "high-level" study, where silent sites are expected to be near enough to substitutional saturation as to be routinely ignored in favor of amino acid analyses (but see Rota-Stabelli et al. 2013) . Although some available sequence-based species-tree methods integrate over the gene tree uncertainty (e.g., BEST, *BEAST; Liu 2008; Heled and Drummond 2010), these are inefficient for large-scale data sets and most higher-level phylogenomic studies utilize tree-based methods under the implicit assumption that ILS is the sole cause of discordance (e.g., Faircloth et al. 2012; McCormack et al. 2012; Sen et al. 2012 ). This is not to say that tree-based species-tree methods are unsuited for phylogenetic reconstruction (see below), but rather that the fundamental assumption that input trees depict the true genealogic history of genes may be unrealistic in many cases.
Finally, our results illustrate the power of combining many independent loci in conjunction with dense taxonomic sampling to address difficult problems, such as base compositional heterogeneity. The cumulative phylogenetic signal of each gene, achieved via concatenation or species-tree approaches, can provide sufficient support for individual nodes to circumvent pervasive but randomly distributed homoplasy (Rokas et al. 2003; Philippe et al. 2011 ). The addition of taxa also appears to increase both phylogenetic accuracy and signal (Fig. 6d,e; Zwickl and Hillis 2002; Rokas and Carroll 2005; Heath et al. 2008) . We also find that trees estimated from the raw nucleotide data sets were highly similar to those inferred with data recoding ( Fig. 6d;  Table 3 ), which show no compositional heterogeneity. Thus, the adverse effects of non-stationary partitions appear to have been offset in the analysis of our multilocus data set. This is expected when convergence in base composition affects gene partitions to different degrees or with different patterns, as seems to be the case in this study (Fig. 5) . We note, however, that these results are not necessarily generalizable. Other phylogenomic studies have reported poorly resolved trees, despite large amounts of data (Rodriguez-Ezpeleta et al. 2007) , suggesting that systematic biases (e.g., base compositional heterogeneity) may cause mutual annihilation of phylogenetic and non-phylogenetic signal. Because current implementations of nh models are impractical for large phylogenomic data sets, discarding or recoding non-stationary partitions of the data appears to be the only work-around until more efficient tools are developed. Further studies are required to better understand the adverse effects of base compositional biases in phylogenomics.
Flatfish Monophyly and Interrelationships
The asymmetrical body plan of Pleuronectiformes is certainly one of the most spectacular anatomical specializations among vertebrates. In spite of this, some ichthyologists have challenged the hypothesis of a single evolutionary origin for this unique trait. Kyle 1923 and Chabanaud 1949 regarded flatfishes as polyphyletic, suggesting that "Psettodes, the 'Percoid', appears to have sprung from a different line of evolution, and is a modern accession to the ranks of Flat-fishes" (Kyle 1923) . More recent anatomical studies using modern approaches, however, support the monophyly of flatfishes on the basis of three synapomorphies: 1) cranial asymmetry associated with ocular migration; 2) anterior insertion of the dorsal fin over the cranium; and 3) presence of a recessus orbitalis, a muscular sac-like evagination of the orbit that allows eye protrusion Chapleau 1993; Munroe 2005; see Friedman 2012 for a review of other diagnostic features).
Claims disputing the hypothesis of flatfish monophyly appear to receive some support from previous molecular phylogenetic studies (Smith and Wheeler 2006; Li et al. 2009; Li et al. 2011) , which fail to group Psettodes with the remaining pleuronectiforms. However, most previous studies examined a handful of markers and included a limited taxonomic sampling. In contrast, the rich taxonomic and molecular data set compiled for this study has been designed to test this hypothesis with confidence. Here, the majority of concatenation trees derived from the complete data set (>200 taxa) provide evidence of pleuronectiform monophyly ( Fig. 3; Table 3 ), although nodal support was low in all cases (<50%). These analyses also resolved with high confidence the monophyly of flatfish suborders (Psettodoidei and Pleuronectoidei; 100% nodal support) and of most families, except Rhombosoleidae and Paralichthyidae, which were deemed non-monophyletic. Among the latter, two paralichthyid clades, one including the Cyclopsetta group and the other containing the remaining taxa (Fig. 3 ), also were recognized by previous morphological studies (Chapleau 1993; Munroe 2005) . Although addressing flatfish interfamilial relationships is outside the scope of this study, our multilocus topologies are, in this regard, remarkably more congruent with previous morphological phylogenies (e.g., Chapleau 1993; Hensley 1997; Munroe 2005) than with those inferred with mitochondrial sequence data alone (e.g., Berendzen and Dimmick 2002; Pardo et al. 2005; Azevedo et al. 2008) . For instance, the sister-group relationship of Citharidae to all other pleuronectoids is supported by morphological and our multi-locus hypotheses, whereas the mitochondrial phylogenies tend to place this family in a nested position within Pleuronectoidei.
We also note that a minority of the analyses based on the complete data set as well as all those using the 37-taxon set resulted in non-monophyletic Pleuronectiformes, with varying placements for Psettodes and pleuronectoids among carangimorphs (Table 3 ; Supplementary Fig. 2 ). Preliminary analyses during early stages of the study based on fewer genes (e.g., <11) resulted in similar patterns. Although applying approaches to determine the number of loci or taxa required to obtain flatfish monophyly with strong support is beyond the scope of this study (or the possibilities afforded by our data set), our results emphasize the need for large genome-scale data sets to resolve the so-called "percomorph bush" (Nelson 1989; Smith and Craig 2007; Betancur-R et al. 2013) .
Our analyses also confirm recent hypotheses regarding flatfish interrelationships. We find compelling evidence for the monophyly of Carangimorpha sensu Li et al. (2009) or the subseries Carangimorphariae sensu Betancur-R et al. (2013) , and provide improved understanding of its taxonomic limits (Fig. 8) . In addition to flatfishes, carangimorphs comprise a diverse array of percomorph taxa, whose close relatedness was never detected on the basis of traditional anatomical analyses (e.g., Regan 1912; Norman 1934; Chapleau 1993; Johnson and Patterson 1993; Hensley 1997 ); these include: Centropomidae sensu Greenwood (snook, barramundi, and Nile perch; see Li et al. 2011) , Sphyraenidae (barracudas), Toxotidae (archerfishes), Leptobramidae (Beachsalmon), Menidae (moonfishes), Polynemidae (threadfins), Carangoidea sensu Smith-Vaniz 1984;  including the families Carangidae, Echeneidae, Coryphaenidae, Rachycentridae, and Nematistidae), and Xiphiidae (swordfish) plus Istiophoridae (billfishes) to the exclusion of scombrids (see also Orrell et al. 2006; Little et al. 2010) . Guided by results from molecular studies, two recent studies provided a reappraisal of the morphological evidence supporting Carangimorphariae (Little et al. 2010; Friedman 2012) . Little et al. 2010 found that most flatfish, billfish, and carangid taxa share a relatively low number of vertebrae, lack a fusion of the 5th hypural to the uroneural, have multiple pterygiophores inserting before the second neural spine, and lack supraneurals, among others. However, according to (Friedman 2012) , some of these characters are symplesiomorphies while others are absent in several carangimorph groups. It thus seems paradoxical that despite the apparent lack of morphological synapomorphies for carangimorphs there is such a strong molecular signal supporting their monophyly, whereas the opposite is true for pleuronectiforms (see above).
Our investigation of carangimorph relationships revealed unexpected results regarding the monophyly and intrarelationships of the order Carangiformes, which comprises the families Nematistiidae, Coryphaenidae, Rachycentridae, Echeneidae, and Carangidae (Smith-Vaniz 1984; Wiley and Johnson 2010; Betancur-R et al. 2013) . In all analyses, Nematistius failed to group with the remaining carangiform families and, except for the RAxML analysis based on the DNA-AA data set ( Supplementary Fig. 1 ), carangids were rendered non-monophyletic, with the tribes Scomberoidini and Trachinotini (Smith-Vaniz 1984; Reed et al. 2002) falling outside (Fig. 3) . We suspect that these results are artifacts of the reconstruction given the relatively poor taxonomic representation for carangid taxa in our data set and the short internodes leading to major carangiform groups, a pattern consistent with an evolutionary radiation (Figs. 3 and 7) .
Unraveling the sister group of flatfishes in the carangimorph radiation is also a difficult question that remains unanswered. Friedman (2012) inferred a close affinity between centropomids and flatfishes based on a several anatomical features shared by extant members of the centropomid subfamily Latinae and the flatfish fossil †Heteronectes; e.g., an expansion of the second neural arch and spine, an extension of the lateral line into the caudal fin, and a spur-like processes of the mesethmoid. Despite low nodal support, we note that some of our multi-locus topologies corroborate Friedman's hypothesis. Finally, given the exuberant diversity in Carangimorphariae and their apparent signature of early lineage accumulation (Fig. 6 ) it would be interesting to investigate whether this signal is associated with possible morphological innovations and elevated rates of morphological disparity.
CONCLUSIONS
Base composition heterogeneity has been largely neglected in empirical studies as a potential cause of systematic bias in phylogenetic inference. Instead, most recent attention has focused on development of species-tree methods to model deep coalescent events. Accounting for all putative causes of systematic error is challenging but methodical approaches should be established to identify and deal efficiently with the main sources of error in any particular data set. We show a strong association between base compositional bias (non-stationarity) and topological discordance among individual gene partitions and their inferred trees. This problem can be exacerbated in large data sets because current implementations of nh models do not scale up when sampling large number of taxa. In particular cases, however, the combination of phylogenetic information from multiple genetic partitions may help to overcome potential biases present in varying degrees and patterns among single partitions. Finally, the data set analysed for this study provides support for monophyly of flatfishes and their close affinity with other carangimorph groups.
